Shigellosis, a diarrheal disease, is endemic worldwide and is responsible for approximately 15,000 laboratoryconfirmed cases in the United States every year. However, patients with shigellosis often do not seek medical care. To estimate the burden of shigellosis, we extended time-series susceptible-infected-recovered models to infer epidemiologic parameters from underreported case data. We applied the time-series susceptible-infectedrecovered-based inference schemes to analyze the largest surveillance data set of Shigella sonnei in the United States from 1967 to 2007 with county-level resolution. The dynamics of shigellosis transmission show strong annual and multiyear cycles, as well as seasonality. By using the schemes, we inferred individual-level parameters of shigellosis infection, including seasonal transmissibilities and basic reproductive number (R 0 ). In addition, this study provides quantitative estimates of the reporting rate, suggesting that the shigellosis burden in the United States may be more than 10 times the number of laboratory-confirmed cases. Although the estimated reporting rate is generally under 20%, and R 0 is generally under 1.5, there is a strong negative correlation between estimates of the reporting rate and R 0 . Such negative correlations are likely to pose identifiability problems in underreported diseases. We discuss complementary approaches that might further disentangle the true reporting rate and R 0 .
Shigellosis, also known as bacillary dysentery, is a diarrheal disease spread by the following 4 species of Gram-negative bacteria: Shigella flexneri, S. sonnei, S. boydii, and S. dysenteriae (1). Shigella is a pathogen transmitted through the fecaloral route, primarily via person-to-person contact. Shigellosis is estimated to be responsible for 165 million cases and 14,000 deaths worldwide annually (2) . Estimation of the disease burden remains largely speculative because only a small fraction of patients seek medical care and are diagnosed through stool cultures (3) . Most of these cases and deaths occur in developing countries and are caused by S. flexneri and S. dysenteriae, but S. sonnei frequently causes community-wide outbreaks in industrialized countries (4) . In the United States, S. sonnei accounts for more than 70% of shigellosis cases (5) .
Despite the large global burden of shigellosis, predicting the dynamics of shigellosis in time and space is difficult because of the lack of large-scale data sets. Similar difficulties in the analysis of other diarrheal diseases, such as cholera, have been addressed, in part, through the analysis of long-term data sets at regional or national governmental levels (6) . Large-scale data on shigellosis are severely limited by underreporting, as is true for most other enteric diseases (7, 8) . Approximately 15,000 cases of laboratory-confirmed shigellosis cases in the United States are reported to the Centers for Disease Control and Prevention (CDC) annually (8) . The estimated total number of cases is suspected to be much higher, but we are not aware of any direct quantitative estimates of either the disease burden or the basic epidemiologic parameters for shigellosis.
Here, we analyze the largest data set of shigellosis cases in the United States and estimate epidemiologic parameters for shigellosis, including the basic reproductive number (R 0 ), as well as the disease reporting rate. The surveillance data for S. sonnei include more than 380,000 laboratory-confirmed shigellosis cases reported to the CDC by county-level public health agencies in the United States from 1967 to 2007 (part of the data appeared in Table 5 of Bishop et al. (9) ). The scope of data and the detailed time evolution of shigellosis permit comparison with predictions from classic susceptible-infectedrecovered (SIR) models (10) . New cases are reported by state and county health agencies to the CDC on a monthly basis. Hence, we used a discrete time-series SIR model to infer the epidemiologic characteristics of shigellosis (11) (12) (13) (14) .
We introduce a modified form of the time-series SIR model that incorporates underreporting. Underreporting is a ubiquitous problem, particularly for many diarrheal diseases. Epidemiologic analyses have proposed mechanisms for estimating reporting rates when diseases infect nearly all individuals in a group (15) . However, we are not aware of studies that directly address underreporting in time-series SIR models when assumptions of nearly complete exposure to the disease at the population level do not hold. Hence, we first examined the ability of a Markov chain Monte Carlo (MCMC) method to infer epidemiologic parameters from synthetically generated data via a time-series SIR model with underreporting. We then applied the same inference scheme to a selected group of countylevel jurisdictions. In doing so, we provide the first quantitative estimates, based on nationwide surveillance, of epidemiologic parameters involved in disease transmission for shigellosis.
MATERIALS AND METHODS

Surveillance data
The CDC surveillance data on S. sonnei contain 387,741 reported cases from 1967 to 2007. Among them, 315,800 cases have county-level geographical information. Only 258,242 cases are age specified. The majority of reported shigellosis patients are young children, and children under 10 years of age are highly susceptible to shigellosis, with 6-fold higher reported incidence than other age groups (16) . Therefore, we focused only on cases among children under 10 years of age and restricted analyses to the monthly time-series data of shigellosis cases in 12 countylevel jurisdictions, which have more than 3 cases per month on average among children under age 10 years (Web Figure 1 avail 
Time-series SIR model
We used a time-series SIR model to estimate basic epidemiologic parameters of a disease given time-series data collected at a fixed interval. Previous studies have applied the time-series SIR model to describe measles dynamics in England and Wales from a discretely sampled data set (11) (12) (13) (14) . The available shigellosis surveillance data set is censused monthly; hence, we outline a model that tracks and predicts the number of cases for each month.
Infection by contact with infected animals or contaminated food is considered uncommon. Thus, we assumed that infected individuals caused subsequent infections by contacting susceptible individuals, facilitated by the low infectious dose for shigellosis (10-200 cells (17) ). Transmissibility reflects contact rate and chance of transmission per contact under the assumption of well-mixed populations (10) . Web Table 1 shows that inferred parameters have similar likelihoods with monthly or seasonal transmissibilities. We consider constant seasonal transmissibilities, β τ , in a parsimonious model, where τ = 1, 2, 3, or 4 (with β 1 representing January to March, β 2 representing April to June, β 3 representing July to September, and β 4 representing October to December). The period of infection is approximately 1 week; hence, all infected individuals in a given month are recovered in the following month (1), and disease-induced immunity is permanent (Web Figure 2) . We denote the number of susceptible and infected individuals for a given month as S t and I t , respectively. Then, the conditions described above can be represented as the following equations:
where N is the number of all children under age 10 years, μ is the effective monthly birth rate (μ = 1/120), and all newborn children are considered susceptible. For simplicity, we use a fixed birth rate and total population and show that incorporating variable population and birth rates does not lead to better fits to the observed dynamics (Web Table 1 ). The term gS t represents the growth of children out of the 0-to 10-year age group and is equivalent to the fraction of children who become 10 years of age within a month (g = 1/120). Note that R 0 for shigellosis is estimated as the mean value of β τ , with τ = 1, 2, 3, or 4. We expect that the majority of infected individuals are not laboratory-confirmed cases. We assume a constant reporting rate, ν (0 < ν < 1), for all months, such that the expected number of monthly reported cases, i t , is given as
ð3Þ Figure 1 illustrates the time-series SIR model with underreporting. Note that the prediction of monthly reported cases, {i t }, depends on the set of parameters, Θ = {S 0 , I 0 , ν, β {τ} }, with τ = 1, 2, 3, or 4.
Calculation of the likelihood
Let {x t } be the actual time-series data of monthly reported cases. The expected number of reported cases is given as {i t } by the time-series SIR model. We assume that the number of reported cases follows a binomial distribution with N total events and probability of νI t /N. Because only a small fraction of the population is infected in any given month, we can approximate the expected distribution with a Poisson distribution with mean of i t = νI t . Then, we can write the probability of observing x t cases from expected i t cases as
Then, the log-likelihood of a parameter set, given the time series {x t }, L(Θ|{x t }), is represented as
To account for the effect of possible missing data on parameter estimates, we exclude those points within county-level time-series data that have no cases anywhere within a contiguous 3-year window. (Note that this is applied only to data from Baltimore City (55 points) and Washington, DC (191 points).)
MCMC approach: calculating Markov chains of parameters
To infer the epidemiologic parameters for shigellosis, we explored the limiting distributions of parameters by MCMC sampling (18) (19) (20) as follows:
1. Prepare the monthly time-series data of reported cases, {x t }. In this study, only age-specified cases (between 0 and 10 years) in a county-level jurisdiction are considered.
2. Select an initial set of parameters Θ = {S 0 , I 0 , ν, β {τ} }. S 0 and I 0 were chosen between 1 and N. β τ was chosen between 0.19 and 10, and ν was chosen between 0.007 and 1. All parameters were chosen from log-uniform distributions with the above stated bounds. 3. Apply the time-series SIR model to generate monthly expected cases {i t }. 4. Calculate the log-likelihood of parameters given the data, L(Θ|{x t }). 5. Select a new set of parameters, Θ′. We use a random walk algorithm where the new parameter set is selected from log-normal distributions centered at the previous parameter set. Parameters are reselected if S 0 + I 0 is greater than the initial total population or ν > 1. The step sizes (standard deviations for log-normal distributions) for all parameters are initially 0.001. From 1,000,000 to 10,000,000 iterations, the step sizes are incrementally changed (for every 10,000 iterations) to yield an acceptance rate between 20% and 50%. 6. Generate a new time series of fi 0 t g, and calculate the new likelihood L′(Θ′|{x t }). 7. Apply the Metropolis-Hastings algorithm (19, 20) . Choose a uniformly distributed random number, 0 < r 1, and update the set of parameters with new values if
8. Repeat steps 5 to 7 for 20,000,000 iterations.
Determination of estimated parameters: multiple chains with different initial conditions and thinning
We generated multiple chains with randomly selected initial conditions (more than 25 chains for each jurisdiction). Most chains converged by 3,000,000 iterations, and we used values only after 10,000,000 iterations (Web Figure 3) . To minimize autocorrelation within a chain, we sampled estimates for every K iterations. K is the minimum lag where autocorrelations of all parameters become less than 0.2 (21) . K was approximately 3,000 for most jurisdictions. The computational burden of the inference scheme is discussed in the Web Appendix. The MATLAB (The Mathworks, Inc., Natick, Massachusetts) code for the inference, as well as the time-series data, are available as Web code and Web data.
RESULTS
Patterns of shigellosis cases: annual and multiyear cycles
Shigellosis outbreaks in most jurisdictions show strong seasonal variations with more cases from June to October and fewer from December to February. In addition to the strong seasonality, the dynamics of shigellosis show strong multiyear cycles, and the periods of multiyear cycles range from 3 to 15 years for analyzed jurisdictions. Figure 2 shows the number of monthly reported cases for all 12 jurisdictions. In Cook and Harris counties, annual cycles dominated multiyear Figure 1 . Schematic of the time-series susceptible-infected-recovered model with underreporting. The number of reported cases is i t , and the number of infected individuals at a given time is I t . Only a fraction of infected individuals are reported, such that i t = νI t , where ν represents the constant reporting rate. S t and R t denote the numbers of susceptible and recovered individuals, respectively. We assume disease-induced immunity is permanent.
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cycles, whereas multiyear cycles were stronger in other jurisdictions (Web Figure 4) . The observation of annual and multiyear cycles is consistent with findings from similar schemes to infer epidemiologic parameters from measles surveillance data (22) .
Estimates of epidemiologic and reporting parameters in synthetic data
Before we applied the MCMC approach to estimate epidemiologic parameters from the shigellosis surveillance data, we first tested our scheme with synthetic data sets with known parameters. When there is no noise, our scheme can accurately infer model parameters when presented solely with the synthetic data and no prior information on parameters (Web Figure 5) . However, the shigellosis surveillance data are noisy, as is the case for most long-term epidemiologic data sets. Given noisy synthetic data, we found that our MCMC scheme converged to multiple estimates of parameter sets (Web Figures 6 and 7) . Furthermore, there was a strong negative correlation between estimates of R 0 and ν, and it may not always be possible to disentangle the values of R 0 and ν given sufficiently noisy incident data (Web Figure 8) . We found that such negative correlations were robust to changes in the step size of the MCMC model, whether using weekly, biweekly, or monthly step sizes, given monthly reporting (Web Figure 9) . From a theoretical point of view, such entanglement may arise because of the compatibility of the mean number of expected reported cases in disease models with high transmission and low reporting rates versus those with low transmission and high reporting rates (Web Appendix). Hence, time-series information can provide traction to disentangle parameters, but not in all cases.
Estimates of epidemiologic and reporting parameters in case data
We then applied the MCMC-based estimator (18-20, 23, 24) to 12 jurisdictions. For S. sonnei, we are not aware of any prior estimates of seasonal transmissibilities and R 0 . Therefore, we used log-uniform distributions for priors of all parameters. Our predictions of average monthly cases from the deterministic model can capture the strongly oscillatory dynamics of the CDC surveillance data for Cook and Harris counties, where the average monthly numbers of reported cases were the largest ( Figure 3A and 3B) . However, in other jurisdictions, our predictions from the deterministic time- series SIR model did not capture the large variability of peaks between years but followed long-term patterns (Web Figure 10) .
The time-series SIR model we initially applied is deterministic. However, the variability in the shigellosis data suggests the need to incorporate stochasticity to model the mechanisms underlying observed disease incidence. Two potential sources of stochasticity in our model are the variability in seasonal transmissibilities and ν. We found that variability in seasonal transmissibilities was sufficient to generate multiyear cycles with realistic variable incidence within a year (Web Figure 11) , whereas variability in transmissibilities disrupts multiyear cycles. For stochastic simulations, seasonal transmissibilities were sampled from the γ distribution (Web Appendix). Figure  3C and 3D and Web Figure 12 show the results of stochastic simulations (Web Table 2 for variability). Average dynamics of long-term cycles were damped because of out-of-phase oscillations (25) , but stochastic simulations exhibited sustained multiyear cycles because of changes in seasonal transmissibilities (26) . However, even if stochastic simulations exhibit multiyear cycles, the exact timing of peaks varies from 1 realization to another, and we have not established what combinations of parameters control the periods of multi-year cycles. Figure 3E and 3F and Web Figure 13 demonstrate that the frequency of long-term cycles within the incidence data is compatible with the frequencies resulting from stochastic simulations, as measured via power spectral density. Table 1 shows the estimates of R 0 and ν, as well as the likelihood of each estimate for all 12 jurisdictions (see Web  Table 3 for other parameters). Our estimates of ν show 2 distinct groups of 1%-5% and around 20%. Note that there may be multiple estimates for each jurisdiction depending on the noisiness of the data. Our estimates of the reporting rates in most jurisdictions are robust considering the more than 10-fold difference in total populations of analyzed jurisdictions. Moreover, we found that R 0 was generally below 2 in nearly all analyzed jurisdictions.
Multiple estimates within a jurisdiction: transient and global dynamical features
We inferred county-level epidemiologic parameters by using an MCMC approach. In doing so, we observed that our MCMC chains converged, in some cases, to quasi-stable estimates of distinct parameters within a jurisdiction (Table 1) . Even if the MCMC approach is theoretically guaranteed to yield the . Mean values of parameters are identical to deterministic models, and seasonal transmissibilities were sampled from the γ distributions with 8% and 20% relative standard deviations, respectively. E and F are comparisons of power spectral densities of data and stochastic simulations. Gray areas represent the 80% envelope for 1,000 independent stochastic realizations. IL, Illinois; TX, Texas.
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posterior parameter distribution as its limiting distribution, there might be multiple observed distributions because a Markov chain with finite length may explore only a small portion of the high dimensional state-space and represent only part of the true posterior distribution. Moreover, it is possible that the epidemiologic parameters are intrinsically multimodal, which leads to multiple sets of epidemiologic parameters.
When combining estimates from distinct chains from all jurisdictions, we found a strong negative correlation (Spearman correlation = −0.901; P < 10 ) between estimated ν and R 0 (Figure 4 ). This correlation was consistent with the pattern illustrated in Web Figure 8 . Even if our estimates consistently have low ν and R 0 , we need to be cautious when using these data to identify a single set of epidemiologic parameters. Nonetheless, our estimation scheme constrained the likely values of R 0 and ν to a curve.
Next, we asked if each parameter set was driven by global or transient dynamical features within the time-series data. Even if an estimated parameter set has the highest likelihood at the level of the entire time-series data, some transient dynamical features may favor or disfavor it. To address this question, we systematically removed continuous 4-year periods from the shigellosis data set for each jurisdiction and compared likelihood among all estimates (Web Figure 14) . Here, we define a parameter estimate from the time-series data to be "transiently robust" when it is most likely for more than 85% of inferences with all possible 4-year removals. Such a cutoff for transiently robust parameters reflects a heuristic, and deeper study of this effect is warranted. By applying this criterion, our analysis showed that estimates were robust for 7 jurisdictions: Cook, Harris, Philadelphia, Shelby, and Fulton counties and Baltimore City (Web Table 4 ). Robust estimates are highlighted in Table 1 , and the robust estimates are in line with those from the remainder of the data. Hence, our conclusions of low R 0 and severe underreporting hold for the transiently robust jurisdictions and for the entire data set.
DISCUSSION
In this study, we present the first quantitative estimates of the epidemiologic features of shigellosis based on surveillance data from county-level jurisdictions. Independent estimations of R 0 Abbreviation: CI, credible interval. a Each row is a distinct estimate of parameters. There can be multiple estimated parameter sets for each jurisdiction, and the last column denotes the frequency of reaching each parameter set from multiple randomly selected initial conditions. Within a jurisdiction, the top row has the highest log-likelihood.
b Basic reproductive number. c Rows with estimates that are transiently robust.
and ν are possible given sufficiently low noise. However, as noise increases, we showed that estimates of R 0 and ν were negatively correlated, albeit centered around true values. When we applied our time-series SIR model with underreporting to the 12 county-level jurisdictions, we found a general trend that ν was usually 20% or less and R 0 was generally less than 1.5; for comparison, these values are smaller than those associated with cholera (27, 28) . We also found evidence to support the assumption that disease-induced immunity is permanent. Our results also demonstrate that a pattern of recurrent outbreaks can depend sensitively on underlying dynamics of infectious diseases because of underreporting, and the reported disease burden represents only a small fraction of the true disease burden. Finally, we showed that estimated epidemiologic parameters for noisy time-series data may be driven by transient features rather than by global dynamical features of the time-series data. The current analysis is limited to the level of a single jurisdiction because of spatial and temporal variability in reporting and transmissibilities. Even within a jurisdiction that we investigated, the number of monthly cases can change significantly. Efforts to ensure comprehensive shigellosis surveillance might vary from year to year according to personnel and fiscal resources. Moreover, because of different reporting systems, there might be even more variation among jurisdictions than within a jurisdiction. Efforts to unify and standardize reporting throughout the United States would enable improved monitoring and predictive capabilities for shigellosis and other diseases and would permit greater aggregation of data across jurisdictions. Our scheme of parameter inference is general, provided there are enough monthly cases, and could be applied to other enteric infectious diseases with low reporting rates, such as Campylobacter or non-typhi Salmonella infection. However, extension of the current approach as part of a hierarchical and spatiotemporally structured model is warranted.
Typical reporting rates for infectious diseases with severe symptoms in the United States are greater than 50% (8, 29) . Reporting rates tend to be low for enteric diseases, and the number of laboratory-confirmed cases of shigellosis is likely a small fraction of the total. Thus, we expect the communitywide reporting rate of shigellosis to be lower than 20%. A more recent estimate for the shigellosis reporting rate based on the estimated proportion of laboratory-confirmed cases is 3%-5% (7, 8) . This estimate assumes that shigellosis, which causes dysentery or bloody diarrhea, is similar in that respect to Shiga toxin-producing Escherichia coli, such as E. coli O157:H7. The reporting rate for E. coli O157 is approximately 10% (30) . S. sonnei is much less likely than E. coli O157 to cause severe symptoms and far more often presents as a milder, nonbloody diarrhea. Therefore, the actual proportion of S. sonnei infections that are laboratory confirmed among adults may be even lower than 10%. Our estimation of a 1%-20% reporting rate is consistent with these ranges. The estimated reporting rate in this study is only for children, who are more likely to be brought to medical attention than are adults (3), and a community-wide reporting rate including adults might be much lower than our estimates. Thus, with 15,000 confirmed cases of shigellosis per year, the total annual number of cases might exceed confirmed cases by an order of magnitude or more.
The estimated R 0 in most jurisdictions is under 1.5, and in some cases it is only slightly above 1. These results depend on our assumption of well-mixed populations, and an outbreak with R 0 significantly larger than 1 will affect almost all individuals, which is unlikely for shigellosis. It is possible that R 0 is higher than our estimates within spatially structured groups. We suggest that future research consider heterogeneity in infection networks that would provide an alternative explanation for high transmissibilities (31) .
From the public health perspective, one of the central issues motivating this study was to predict the possible locations and timing of upcoming outbreaks for endemic diseases. Even if some prediction schemes manage to make reliable short-term predictions (32) , the remaining variability in underreporting and R 0 makes it difficult to project time-series data long into the future. Nevertheless, our predicted time series should be thought of as capturing characteristic features, such as the relative frequency of yearly and multiyear cycles, even if we don't necessarily have confidence in the timing of individual peaks. In addition, the current study has significantly reduced the uncertainty of the likely values of R 0 and ν (Figure 4 and Web Figure 8 ). We hope that detailed information at the time of shigellosis outbreaks may improve prior distributions for parameters, which would permit further work to disentangle ν and R 0 , as well as the degree of heterogeneity within shigellosis outbreaks in the United States. Further, our study highlights the need for both greater caution and the development of new methods to address the entanglement of epidemiologic and reporting parameters. Such entanglement may cloud efforts to estimate parameters of poorly reported diseases in the developed and developing world. 
